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1. Introduction 
Face plays an important role in human communication. Facial expressions and gestures 
incorporate nonverbal information which contributes to human communication. By 
recognizing the facial expressions from facial images, a number of applications in the field of 
human computer interaction can be facilitated. Last two decades, the developments, as well 
as the prospects in the field of multimedia signal processing have attracted the attention of 
many computer vision researchers to concentrate in the problems of the facial expression 
recognition. The pioneering studies of Ekman in late 70s have given evidence to the 
classification of the basic facial expressions. According to these studies, the basic facial 
expressions are those representing happiness, sadness, anger, fear, surprise, disgust and 
neutral. Facial Action Coding System (FACS) was developed by Ekman and Friesen to code 
facial expressions in which the movements on the face are described by action units. This 
work inspired many researchers to analyze facial expressions in 2D by means of image and 
video processing, where by tracking of facial features and measuring the amount of facial 
movements, they attempt to classify different facial expressions. Recent work on facial 
expression analysis and recognition has used these seven basic expressions as their basis for 
the introduced systems.  
Almost all of the methods developed use 2D distribution of facial features as inputs into a 
classification system, and the outcome is one of the facial expression classes. They differ 
mainly in the facial features selected and the classifiers used to distinguish among the 
different facial expressions. Information extracted from 3D face models are rarely used in 
the analysis of the facial expression recognition. This chapter considers the techniques using 
the information extracted from 3D space for the analysis of facial images for the recognition 
of facial expressions.   
The first part of the chapter introduces the methods of extracting information from 3D 
models for facial expression recognition. The 3D distributions of the facial feature points 
and the estimation of characteristic distances in order to represent the facial expressions are 
explained by using a rich collection of illustrations including graphs, charts and face images. 
The second part of the chapter introduces 3D distance-vector based facial expression 
recognition. The architecture of the system is explained by the block diagrams and 
flowcharts. Finally 3D distance-vector based facial expression recognition is compared with 
the conventional methods available in the literature. 
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2. Information extracted from 3D models for facial expression recognition 
Conventional methods for analyzing expressions of facial images use limited information 
such as gray levels of pixels and positions of feature points in a face [Donato et al.,1999], 
[Fasel & Luttin, (2003)], [Pantic & Rothkrantz ,2004]. Their results depend on the 
information used. If the information cannot be precisely extracted from the facial images, 
then we may obtain unexpected results. In order to increase the reliability of the results of 
facial expression recognition, the selection of the relevant feature points is important. 
In this section we are primarily concerned with gathering the relevant data from the facial 
animation sequences for expression recognition. The section is organised as follows. In 
section 2.1 we will present the description of the primary facial expressions while section 2.2 
shows the muscle actions involved in the primary facial expressions and in section 2.3 we 
will present the optimization of the facial feature points.  
2.1 Primary facial expressions  
In the past, facial expression analysis was essentially a research topic for psychologists. 
However, recent progresses in image processing and pattern recognition have motivated 
significant research activities on automatic facial expression recognition [Braathen et 
al.,2002]. Basic facial expressions, shown in Figure 1, typically recognized by psychologists 
are neutral, anger, sadness, surprise, happiness, disgust and fear [P. Ekman & W. 
Friesen,1976]. The expressions are textually defined in Table 1. 
 
 
Fig.1. Emotion-specified facial expression [Yin et al., 2006]: 1-Neutral, 2-Anger, 3-Sadness, 4-
Surprise, 5- Happiness, 6- Disgust, 7- Fear. 
 
Expression Textual Description 
Neutral 
All face muscles are relaxed. Eyelids are tangent to the iris. The mouth is 
closed and lips are in contact. 
Anger 
The inner eyebrows are pulled downward and together. The eyes are wide 
open. The lips are pressed against each other or opened to expose the teeth. 
Sadness 
The inner eyebrows are bent upward. The eyes are slightly closed. The 
mouth is relaxed. 
Surprise 
The eyebrows are raised. The upper eyelids are wide open, he lower 
relaxed. The jaw is opened. 
Happiness 
The eyebrows are relaxed. The mouth is open and the mouth corners pulled 
back toward the ears.  
Disgust 
The eyebrows and eyelids are relaxed. The upper lip is raised and curled, 
often asymmetrically. 
Fear 
The eyebrows are raised and pulled together. The inner eyebrows are bent 
upward. The eyes are tense and alert. 
Table 1. Basic Facial Expressions [Pandzic & Forchheimer, 2002] 
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Fig. 2. The 3D orientation of the facial feature points [Pandzic & Forchheimer, 2002]. 
2.2 Muscle actions involved in the primary facial expressions 
The Facial Definition Parameter set (FDP) and the Facial Animation Parameter set (FAP) 
were designed in the MPEG-4 framework to allow the definition of a facial shape and 
texture, as well as animation of faces reproducing expressions, emotions and speech 
pronunciation. The FAPs [Pandzic & Forchheimer, 2002] are based on the study of minimal 
facial actions and are closely related to muscle activation, in the sense that they represent a 
complete set of atomic facial actions; therefore they allow the representation of even the 
most detailed natural facial expressions, even those that cannot be categorized as particular 
ones. All the parameters involving translational movement are expressed in terms of the 
Facial Animation Parameter Units (FAPU). These units are defined with respect to specific 
distances in a neutral pose in order to allow interpretation of the FAPs on any facial model 
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in a consistent way. As a result, description schemes that utilize FAPs produce reasonable 
results in terms of expression and speech related postures.  
 
Expression Muscle Actions 
Anger 
squeeze_l_eyebrow (+) 
lower_t_midlip (-) 
raise_l_i_eyebrow (+) 
close_t_r_eyelid (-) 
close_b_r_eyelid (-) 
squeeze_r_eyebrow (+) 
raise_b_midlip (+) 
raise_r_i_eyebrow (+) 
close_t_l_eyelid (-) 
close_b_l_eyelid (-) 
Sadness 
raise_l_i_eyebrow (+) 
close_t_l_eyelid (+) 
raise_l_m_eyebrow (-) 
raise_l_o_eyebrow (-) 
close_b_l_eyelid (+) 
raise_r_i_eyebrow (+) 
close_t_r_eyelid (+) 
raise_r_m_eyebrow (-) 
raise_r_o_eyebrow (-) 
close_b_r_eyelid (+) 
Surprise 
raise_l_o_eyebrow (+) 
raise_l_i_eyebrow (+) 
raise_l_m_eyebrow (+) 
squeeze_l_eyebrow (-) 
open_jaw (+) 
raise_r_o_eyebrow (+) 
raise_r_i_eyebrow (+) 
raise_r_m_eyebrow (+) 
squeeze_r_eyebrow (-) 
 
Joy 
close_t_l_eyelid (+) 
close_b_l_eyelid (+) 
stretch_l_cornerlip (+) 
raise_l_m_eyebrow (+) 
lift_r_cheek (+) 
lower_t_midlip (-) 
OR open_jaw (+) 
close_t_r_eyelid (+) 
close_b_r_eyelid (+) 
stretch_r_cornerlip (+) 
raise_r_m_eyebrow (+) 
lift_l_cheek (+) 
raise_b_midlip (-) 
 
Disgust 
close_t_l_eyelid (+) 
close_t_r_eyelid (+) 
lower_t_midlip (-) 
squeeze_l_cornerlip (+) 
close_b_l_eyelid (+) 
close_b_r_eyelid (+) 
open_jaw (+) 
AND / OR 
{squeeze_r_cornerlip (+)} 
Fear 
raise_l_o_eyebrow (+) 
raise_l_m_eyebrow(+) 
raise_l_i_eyebrow (+) 
squeeze_l_eyebrow (+) 
open_jaw (+) 
OR{ close_t_l_eyelid (-), 
lower_t_midlip (-)} 
raise_r_o_eyebrow (+) 
raise_r_m_eyebrow (+) 
raise_r_I_eyebrow (+) 
squeeze_r_eyebrow (+) 
 
OR {close_t_r_eyelid (-), 
lower_t_midlip (+)} 
Table 2.  Muscle Actions involved in the six basic expressions [Karpouzis et al.,2000]. 
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In general, facial expressions and emotions can be described as a set of measurements (FDPs 
and derived features) and transformations (FAPs) that can be considered atomic with 
respect to the MPEG-4 standard. In this way, one can describe the anatomy of a human face, 
as well as any animation parameters with the change in the positions of the facial feature 
points, thus eliminating the need to explicitly specify the topology of the underlying 
geometry. These facial feature points can then be mapped to automatically detected 
measurements and indications of motion on a video sequence and thus help analyse or 
reconstruct the emotion or expression recognized by the system. 
MPEG-4 specifies 84 feature points on the neutral face. The main purpose of these feature 
points is to provide spatial references to key positions on a human face. These 84 points 
were chosen to best reflect the facial anatomy and movement mechanics of a human face. 
The location of these feature points has to be known for any MPEG-4 compliant face model. 
The Feature points on the model should be located according to figure points illustrated in 
Figure 2. After a series of analysis on faces we have concluded that mainly 15 FAP’s are 
affected by these expressions [Soyel et al., 2005].  
These facial features are moved due to the contraction and expansion of facial muscles, 
whenever a facial expression is changed. Table 2 illustrates the description of the basic 
expressions using the MPEG-4 FAPs terminology. 
Although muscle actions [P. Ekman & W. Friesen,1978] are of high importance, with respect 
to facial animation, one is unable to track them analytically without resorting to explicit 
electromagnetic sensors. However, a subset of them can be deduced from their visual 
results, that is, the deformation of the facial tissue and the movement of some facial surface 
points. This reasoning resembles the way that humans visually perceive emotions, by 
noticing specific features in the most expressive areas of the face, the regions around the 
eyes and the mouth. The seven basic expressions, as well as intermediate ones, employ facial 
deformations strongly related with the movement of some prominent facial points that can 
be automatically detected. These points can be mapped to a subset of the MPEG-4 feature 
point set. The reader should be noted that MPEG-4 defines the neutral as all face muscles are 
relaxed. 
2.3 Relevant facial feature points 
In order to reduce the amount of time required to perform the experiments, a small set of 11 
feature points were selected. Care was taken to select facial feature points from the whole 
set defined by the MPEG-4 standard. The MPEG-4 standard divides feature points into a 
number groups, which is listed in Table 3, corresponding to the particular region of the face 
to which they belong. A few points from nearly all the groups were taken. Nine points were 
selected from the left side of the face (Repetitive selection on the right side is not needed due 
to symmetry). The feature points selected were such that they have varying predicted 
extraction difficulty. The feature points selected are shown in Figure 3. 
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Fig. 3. 11-facial feature points: 1-Left corner of outer-lip contour, 2-Right corner of outer-lip 
contour, 3-Middle point of outer upper-lip contour, 4- Middle point of outer lower-lip 
contour, 5-Right corner of the right eye, 6-Left corner of the right eye, 7-Centre of upper 
inner-right eyelid, 8-Centre of lower inner-right eyelid, 9-Uppermost point of the right 
eyebrow, 10-Outermost point of right-face contour, 11- Outermost point of left-face contour. 
 
Feature Point Groups Selected Feature Points 
2- Chin, innerlip - 
3- Eyes 
   3.10-centre of lower inner-right eyelid  
   3.11- left corner of the right eye 
   3.12-right corner of the right eye 
   3.14-centre of upper inner-right eyelid 
4- Eye brows    4.4-uppermost point of the right eyebrow 
5- Cheek    - 
6- Tongue    - 
7- Spine    - 
8- Outer Lip 
   8.1-middle point of outer upper-lip contour 
   8.2-middle point of outer lower-lip contour  
   8.3-left corner of outer-lip contour  
   8.4 right corner of outer-lip contour 
9- Nose, Nostrils    - 
10- Ear 
   10.9-outermost point of left-face contour 
   10.10-outermost point of right-face contour 
11-Hair Line    - 
Table 3.  Selected facial features points.  
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3. 3D distance-vector based facial expression recognition 
3.1 Information extracted from 3D Space  
By using the distribution of the 11 facial feature points from 3D facial model we extract six 
characteristic distances that serve as input to neural network classifier used for recognizing 
the different facial expressions shown in Table 4.  
Table 4. Six characteristic distances.  
3.2 Basic architecture of facial expression recognition system 
Facial expression recognition includes both measurement of facial motion and recognition of 
expression. The general approach to Automatic Facial Expression Analysis (AFEA) systems, 
which is shown in Figure 4, can be categorised by three steps. 
• Face acquisition.  
• Facial feature extraction and representation.  
• Facial expression recognition.  
Face acquisition is the first step of the facial expression recognition system to find a face 
region in the input frame images. After determining the face location, various facial feature 
extraction approaches can be used. Mainly there are two general approaches; geometric 
feature-based methods and appearance-based methods. The first one utilizes the shape and 
the location of face components such as: mouth, nose, and eyes which are represented by a 
feature vector extracted from these facial components. In appearance-based methods, image 
filters, such as Gabor wavelets, are applied to either the whole face or specific regions in a 
face image to extract a feature vector.  
Depending on the different facial feature extraction methods, the effects of in-plane head 
rotation and different scales of the faces can be eliminated, either by face normalization 
before the feature extraction or by feature representation before the step of expression 
recognition. The last stage of the facial expression analysis system is facial expression 
recognition using different classification approaches. Facial expression recognition usually 
results in classes according to either the Facial Actions Coding System (FACS) or the seven 
basic facial expressions. 
Distance No Distance Name Distance Description 
D1 Eye Opening 
Distance between the right corner of the right eye and 
the left corner of the right eye. 
D2 
Eyebrow 
Height 
Distance between the centre of upper inner-right 
eyelid and the uppermost point of the right eyebrow. 
D3 Mouth Opening
Distance between the left corner of outer-lip contour 
and right corner of outer-lip contour. 
D4 Mouth Height 
Distance between the middle point of outer upper-lip 
contour and middle point of outer lower-lip contour. 
D5 Lip Stretching 
Distance between the right corner of the right eye and 
right corner of outer-lip contour. 
D6 Normalization 
Distance between the outermost point of right-face 
contour and outermost point of left-face contour. 
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Fig. 4. Basic Architecture of Facial Expression Recognition System 
3.3 Classification of the facial expressions 
By using the entire information introduced in the previous section, we achieve 3D facial 
expression recognition in the following phases. First, we extract the characteristic distance 
vectors as defined in Table 3. Then, we classify a given distance vector on a previously 
trained neural network. The sixth distance, D6, is used to normalize the first five distances. 
The neural network architecture consists of a multilayered perceptron of input, hidden and 
output layers that is trained by using Backpropagation algorithm in the training process. 
The input layer receives a vector of six distances and the output layer represents 7 possible 
facial expressions mentioned in the preceding sections. 
Backpropagation was created by generalizing the Widrow-Hoff learning rule to multiple-
layer networks and nonlinear differentiable transfer functions. Input vectors and the 
corresponding target vectors are used to train a network until it can approximate a function 
to associate input vectors with specific output vectors, or classify the input vectors. 
Networks with biases, a sigmoid layer, and a linear output layer are capable of 
approximating any function with a finite number of discontinuities.  
Standard backpropagation is a gradient descent algorithm, as is the Widrow-Hoff learning 
rule, in which the network weights are moved along the negative of the gradient of the 
performance function. The term backpropagation refers to the manner in which the gradient 
is computed for nonlinear multilayer networks. There are a number of variations on the 
basic algorithm that are based on other standard optimization techniques, such as conjugate 
gradient and Newton methods.  
Properly trained backpropagation networks tend to give reasonable answers when 
presented with inputs that they have never seen. Typically, a new input leads to an output 
similar to the correct output for input vectors used in training that are similar to the new 
input being presented. This generalization property makes it possible to train a network on 
a representative set of input/target pairs and get good results without training the network 
on all possible input/output pairs [ Rumelhart et al.,1986]. 
We used BU-3DFE database [Yin et al., 2006] in our experiments to train and test our model. 
The database we have used contains 7 facial expressions for 60 different people. We 
arbitrarily divided the 60 subjects into two subsets: one with 54 subjects for training and the 
other with 6 subjects for testing. During the recognition experiments, a distance vector is 
derived for every 3D model. Consecutive distance vectors are assumed to be statistically 
independent as well as the underlying class sequences. The vector is eventually assigned to 
the class with the highest likelihood score.  
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4. Performances analysis and discussions 
4.1 Training and testing the data 
Neural networks are composed of simple elements operating in parallel. These elements are 
inspired by biological nervous systems. As in nature, the network function is determined 
largely by the connections between elements. We can train a neural network to perform a 
particular function by adjusting the values of the connections (weights) between elements. 
Commonly neural networks are adjusted, or trained, so that a particular input leads to a 
specific target output. Such a situation is shown in Figure 5. The network is adjusted, based 
on a comparison of the output and the target, until the network output matches the target. 
Typically many such input/target pairs are used, in this supervised learning, to train a 
network. 
 
 
Fig.5. Basic Neural Network Structure 
Batch training of a network proceeds by making weight and bias changes based on an entire 
set of input vectors. Incremental training changes the weights and biases of a network as 
needed after presentation of each individual input vector. Incremental training is sometimes 
referred to as "on line" or "adaptive" training.  
Once the network weights and biases have been initialized, the network is ready for 
training. The network can be trained for function approximation, pattern association, or 
pattern classification. The training process requires a set of examples of proper network 
behaviour - network inputs and target outputs. During training the weights and biases of 
the network are iteratively adjusted to minimize the network the average squared error 
between the network outputs and the target outputs.  
We have tested our neural network setup on the BU-3DFE database [Yin et al., 2006], which 
contains posed emotional facial expression images with seven fundamental emotional 
states, Anger, Disgust, Fear, Happiness, Sadness, Surprise and Neutral. In our experiment, 
we used the data captured from 60 subjects for each expression. The test is based on the 
seven fundamental expressions. The 3D distribution of the 84 feature vertices was provided 
for each facial model. A detail description of the database construction, post-processing, and 
organization can be found in [Yin et al., 2006]. 
Adjust 
Weights
OutputInput 
Neural Network including 
connections between 
neurons called weights 
Target 
Compare 
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4.2 System performance 
Our facial expression analysis experiments are carried out in a person-independent manner, 
which is thought to be more challenging than a person-dependent approach. We arbitrarily 
divided the 60 subjects into two subsets: one with subjects for training and the other with 
subjects for test. The experiments assure that any subject used for testing does not appear in 
the training set because the random partition is based on the subjects rather than the 
individual expression. The tests are executed 10 times with different partitions to achieve a 
stable generalized recognition rate. The entire process assures that every subject is tested at 
least once for each classifier. For each round of the test, all the classifiers are reset and re-
trained from the initial state. We show the results for all the neural network classifiers in 
Table 5. Note that most of the expressions are detected with high accuracy and the confusion 
is larger with the Neutral and Anger classes. One reason why Anger is detected with only 
85% is that in general this emotion’s confusion with Sadness and Neutral is much larger 
than with the other emotions. As we compared the proposed 3D Distance Vectors based 
Facial Expression Recognition method (3D-DVFER) with 2D appearance feature based 
Gabor-wavelet (GW) approach [Lyons et al. 1999] we found the Gabor-wavelet approach 
performs poorly with an average recognition rate around 80%, comparing to the 
performance shown in Table 5, the 3D-DVFER method is superior to the 2D appearance 
feature based methods when classifying the seven prototypic facial expressions. 
 
Input/Output Neutral Happy Fear Surprise Sadness Disgust Anger 
Neutral 86.7% 0.0% 1.7% 0.0% 3.7% 1.7% 6.7% 
Happy 0.0% 95.0% 3.3% 0.0% 0.0% 5.0% 3.3% 
Fear 0.0% 3.3% 91.7% 1.7% 0.0% 1.7% 0.0% 
Surprise 0.0% 0.0% 0.0% 98,3% 0.0% 0.0% 0.0% 
Sadness 6.7% 0.0% 1.7% 0.0% 90.7% 0.0% 5.0% 
Disgust 1.7% 1.7% 0.0% 0.0% 1.9% 91.7% 0.0% 
Anger 5.0% 0.0% 1.7% 0.0% 3.7% 0.0% 85.0% 
Table 5.  Average confusion matrix using the NN classifier (BU-3DFE database)[H. Soyel & 
H. Demirel, 2007 ]. 
When we compare the results of the proposed system with the results reported in [Wang et 
al., 2006] which use the same 3D database through an LDA classifier, we can see that our 
method outperforms the recognition rates in Table 6 for all of the facial expressions except 
the Happy case. Both systems give the same performance for the “Happy” facial expression.  
Note that the classifier in [Wang et al., 2006] does not consider the Neutral case as an 
expression, which gives an advantage to the approach. 
The average recognition rate of the proposed system is 91.3% where the average 
performance of the method given in [Wang et al., 2006] stays at 83.6% for the recognition of 
the facial expressions that uses the same 3D database.   
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Input/Output Happy Fear Surprise Sadness Disgust Anger 
Happy 95.0% 3.8% 0.0% 0.4% 0.8% 0.0% 
Fear 12.5% 75.0% 2.1% 7.9% 2.5% 0.0% 
Surprise 0.0% 1.2% 90.8% 5.4% 0.8% 1.7% 
Sadness 0.0% 2.9% 5.8% 80.4% 2.5% 8.3% 
Disgust 3.8% 4.2% 0.4% 6.7% 80.4% 4.6% 
Anger 0.0% 6.3% 0.8% 11.3% 1.7% 80.0% 
Table 6.  Average confusion matrix using of the LDA based classifier in [Wang et al., 2006] 
5. Conclusion 
In this chapter we have shown that probabilistic neural network classifier can be used for 
the 3D analysis of facial expressions without relying on all of the 84 facial features and error-
prone face pose normalization stage. Face deformation as well as facial muscle contraction 
and expansion are important indicators for facial expression and by using only 11 facial 
feature points and symmetry of the human face, we are able to extract enough information 
from a from a face image. Our results show that 3D distance vectors based recognition 
outperforms facial expression recognition results compared to the results of the similar 
systems using 2D and 3D facial feature analysis. The average facial expression recognition 
rate of the proposed system reaches up to 91.3%. The quantitative results clearly suggest 
that the proposed approach produces encouraging results and opens a promising direction 
for higher rate expression analysis. 
6. References 
Ekman, P. & Friesen, W. (1976). Pictures of Facial Affect. Palo Alto, CA: Consulting 
Psychologist 
Ekman, P. & Friesen, W. (1978). The Facial Action Coding System: A Technique for the 
Measurement of Facial Movement, Consulting Psychologists Press, San Francisco 
Rumelhart, D. Hinton, G. Williams, R. (1986) Learning internal representations by error 
propagation, In. Parallel  Data Processing,D. Rumelhart and J. McClelland, (Ed.), pp. 
318-362,the M.I.T. Press, Cambridge, MA  
Donato, G. Bartlett, M. Hager, Ekman, P. & Sejnowski, T. (1999). Classifying facial actions. 
IEEE Transaction on Pattern Analysis and Machine Intelligence, 21(10), pp. 974–989 
Lyons, M. Budynek, J. & Akamatsu, S. (1999). Automatic classification of single facial 
images. IEEE Trans. On PAMI, 21, pp. 1357–1362 
Karpouzis, K. Tsapatsoulis, N. & Kollias, S. (2000). Moving to Continuous Facial Expression 
Space using the MPEG-4 Facial Definition Parameter (FDP) Set, In Proceedings of the 
Electronic Imaging, San Jose, USA 
Braathen, B. Bartlett, M. Littlewort, G. Smith, E. & Movellan, J. (2002). An approach to 
automatic recognition of spontaneous facial actions. In Proceedings of International 
Conferance on FGR, pp. 345-350, USA 
www.intechopen.com
 Affective Computing, Focus on Emotion Expression, Synthesis and Recognition 
 
12 
Pandzic, I.& Forchheimer R. (Ed.) (2002). MPEG-4 Facial Animation: the Standard, 
Implementation and Applications, Wiley 
Fasel, B. & Luttin, J. (2003). Automatic facial expression analysis: Survey. Pattern Recognition, 
36(1), pp. 259–275 
Pantic, M. & Rothkrantz, L. (2004). Facial action recognition for facial expression analysis 
from static face images. IEEE Trans. on SMC-Part B: Cybernetics, 34, pp. 1449–1461 
Soyel, H. Yurtkan, K. Demirel, H. Ozkaramanli, H. Uyguroglu, E. Varoglu, M. (2005). Face 
Modeling andAnimation for MPEG Compliant Model Based Video Coding, 
 IASTED International Conference on Computer Graphics and Imaging.  
Yin,  L. Wei, X. Sun, Y. Wang, J. & Rosato, M.(2006). A 3d facial expression database for 
facial behavior research. In Proceedings of International Conferance on FGR, pp. 211- 
216, UK 
Wang, J. Yin, L. Wei, X. & Sun, Y.(2006). 3D Facial Expression Recognition Based on 
Primitive Surface Feature Distribution. IEEE CVPR'06 - Volume 2,  pp. 1399-1406 
 Soyel, H. Demirel, H. (2007) Facial Expression Recognition using 3D Facial Feature 
Distances,  Lecture Notes in Computer Science (ICIAR 07), vol. 4633, pp. 831-838. 
 
www.intechopen.com
Affective Computing
Edited by Jimmy Or
ISBN 978-3-902613-23-3
Hard cover, 284 pages
Publisher I-Tech Education and Publishing
Published online 01, May, 2008
Published in print edition May, 2008
InTech Europe
University Campus STeP Ri 
Slavka Krautzeka 83/A 
51000 Rijeka, Croatia 
Phone: +385 (51) 770 447 
Fax: +385 (51) 686 166
www.intechopen.com
InTech China
Unit 405, Office Block, Hotel Equatorial Shanghai 
No.65, Yan An Road (West), Shanghai, 200040, China 
Phone: +86-21-62489820 
Fax: +86-21-62489821
This book provides an overview of state of the art research in Affective Computing. It presents new ideas,
original results and practical experiences in this increasingly important research field. The book consists of 23
chapters categorized into four sections. Since one of the most important means of human communication is
facial expression, the first section of this book (Chapters 1 to 7) presents a research on synthesis and
recognition of facial expressions. Given that we not only use the face but also body movements to express
ourselves, in the second section (Chapters 8 to 11) we present a research on perception and generation of
emotional expressions by using full-body motions. The third section of the book (Chapters 12 to 16) presents
computational models on emotion, as well as findings from neuroscience research. In the last section of the
book (Chapters 17 to 22) we present applications related to affective computing.
How to reference
In order to correctly reference this scholarly work, feel free to copy and paste the following:
Hamit Soyel and Hasan Demirel (2008). Facial Expression Recognition Using 3D Facial Feature Distances,
Affective Computing, Jimmy Or (Ed.), ISBN: 978-3-902613-23-3, InTech, Available from:
http://www.intechopen.com/books/affective_computing/facial_expression_recognition_using_3d_facial_feature
_distances
© 2008 The Author(s). Licensee IntechOpen. This chapter is distributed
under the terms of the Creative Commons Attribution-NonCommercial-
ShareAlike-3.0 License, which permits use, distribution and reproduction for
non-commercial purposes, provided the original is properly cited and
derivative works building on this content are distributed under the same
license.
